Abstract -This paper presents an energy expenditure estimation method that uses a wearable accelerometer sensor, but does not rely on a priori knowledge about the location of the sensor. The sensor can be worn at any of three pre-defined locations, namely, right wrist, right thigh and right ankle. It is shown that once the system is trained, the proposed mechanism can perform sensor location detection in run-time within a period as short as 4.2 seconds. A sensor-position-specific energy expenditure estimation model is then applied. Experiments were carried out on 25 healthy subjects, and 14 activities with diverse intensities were included. It is demonstrated that the sensor position can be detected at an accuracy of 99.68%, and the Root-Mean-Square-Error for energy expenditure estimation is 1.79 METs (Metabolic Equivalent of Task).
INTRODUCTION

2007-2008 National Health and Nutrition Examination
Survey (NHANES) shows that around 34.2% of US adults aged 20 or over are overweight [1] . It has been demonstrated that obesity can lead to various health problems, both physical and psychological. Visscher [2] mentioned that obesity can cause cardiovascular disease, type-2 diabetes mellitus, cancer, osteoarthritis, sleep apnea and it can have pronounced impacts on morbidity.
Recent developments of micro-electromechanical systems (MEMs) are creating possibilities for wearable health monitoring and diagnostics [3] [4] . Tiny sensors strategically placed on the human body can monitor physical activities, energy expenditure, and vital signs, and provide health analytics to users or medical service providers. Many patient diagnostics can benefit from such wearable and continuous health monitoring for prevention of chronic conditions and supervised illness recovery. Those wearable sensors can potentially help obese people for physical activity monitoring [5] [6] and energy expenditure estimation [7] [8] . Combining with our work on food intake monitoring [9] , a wearable health monitoring system can help those suffering from obesity to achieve healthier balance between energy intake and expenditure.
Wearable sensors, such as accelerometers and ECG devices have been widely used for physical energy expenditure estimation. Altini et al [10] used two gel electrodes attached to the chest for ECG data collection, and the ECG data are stored on a device attached to an elastic belt on the chest, which also has a tri-axial accelerometer. Brage [11] uses a Polar Vantage NV HR belt for heart rate monitoring, and two CSA accelerometers on each hip for movement capturing. It was demonstrated that the heart rate indeed improved the performance in energy expenditure estimation, but those ECG electrodes need direct skin contact and viscous conductive gel is normally required to improve the contact, which is not comfortable for every day usage. Zhang et al [8] used 5 wired connected sensors system (IDEEA) for physical activity recognition and energy expenditure estimation. It was illustrated that the IDEEA system is able to identify 32 activities with an accuracy of 98.7% and could measure energy expenditure with over 95% accuracy. However, IDEEA also suffers from a few drawbacks: 1) the 5 sensors are wired and connected to a control unit on the hip, and the sensors need skin contact; thus they are not comfort for daily and long-term usage, 2) it does not include any sensor on the arm, thus it is unlikely to accurately detect activities only involving arms, and 3) it uses proprietary algorithms for activity detection and energy expenditure estimation, but it underestimate the energy expenditure for some activities, such as leg cycling [12] . Crouter [13] and Rothney [14] proposed two popular regression schemes for energy expenditure estimation based on a single accelerometer mounted on the hip. The main idea in [13] is to classify activities into three different groups according to the intensity and apply different regression models for each activity group. Rothney [14] first extracts features from accelerometer capturing the intensity of movement and incorporate demographic features to include the inter-subject variations. Artificial Neural Network was then trained and tested for energy expenditure estimation. The main drawback of [13] and [14] is that the sensor is placed on the hip so that it is not able to detect the movement of limbs effectively.
To our best knowledge, most previous work on energy expenditure estimation relies on sensors placed on predefined positions. However, such requirement sometimes limits the usage of the proposed devices. For example, in many previous work, sensors are placed on the hip [8] [11] [12] , however, it may not be convenient for women wearing some types of clothes while wearing a sensor on the hip. Similarly, sensors on the wrist [15] are not suitable for formal occasions for both men and women. In this paper, we present a sensor position-agnostic energy expenditure estimation scheme, in which a sensor can be attached in any of a number of predefined locations on the body. The architecture allows the sensor to be able to detect its own positions in runtime, in order to estimate energy expenditure accordingly.
The contributions of this paper are to: 1) develop a wearable sensor system and algorithms for sensor position agnostic energy expenditure estimation, 2) carry out exhaustive experiments on a large number of subjects, and 3) demonstrate the effectiveness of the proposed scheme.
II. SENSOR POSITION-AGNOSTIC ENERGY ESTIMATION
In this section, we present our approach for sensor position agnostic energy expenditure estimation, using one sensor with accelerometer worn on any of three predefined positions: right wrist, right thigh and right ankle. To start with, a subject first wears the sensor at any of the three positions according to her/his preference and walks for a few seconds before energy expenditure estimation starts. During that walking, the sensor is able to figure out its position based on specific acceleration signatures which are typical for the activity walking.
The proposed mechanism involves three key steps. First, we extract features from the acceleration data collected from one sensor with unknown position. Second, sensor position detection module is triggered for detecting the position of the sensor, during a short (a few seconds) walking period. Third, with both the extracted features and detected sensor position, a sensor position-specific energy expenditure estimation module is applied to detect the energy expenditure.
Machine learning methods, such as Support Vector Machine (SVM), Naïve Bayes, Decision Tree (C45) and Artificial Neural Network (ANN) are used for sensor position detection, whereas ANN and Linear Regression are used for energy expenditure estimation. During the training phase, a subject wears sensors at all three positions, i.e., right wrist, right thigh and right ankle, and performs prescribed activities so that acceleration data are collected from all three sensors. Testing data are collected in two phases, first for the position detection module and then for the position-sensitive energy expenditure detection module. For position detection training, the subject walks for a while when data are collected from all three sensors. For expenditure estimation, the subject performs a series of activities during which acceleration data are collected from all three sensors.
Using such data, once the system is trained, a subject could wear the sensor at any of the three positions for run-time energy estimation. First the subject walks for a short time (a few seconds) for the algorithm to detect the sensor position. Then the sensor is able to estimate the energy expenditure of the subject continuously. As shown later, the system is trained with data from a large number of subjects so that the system can work in a subject-independent manner.
A. Feature Extraction
In our previous work [16] , mean and entropy have been proven to be effective in activity recognition, since they capture the direction and moving intensity of the limb the sensor is attached to. The same features are used for both sensor position detection and energy expenditure estimation in this paper. Acceleration data from each axis is segmented into 4.2 seconds 50% overlapping windows. Mean and entropy are then computed for each window.
Demographic features, including weight, height, Body Mass Index (BMI), and fat percentage, are also used in energy expenditure estimation to compensate the intersubject variations in energy expenditure. This is based on the observation that different people performing the same activity would generate similar acceleration data but will consume very different amount of energy, due to different health conditions, weight, and height.
B. Sensor Position Detection
A subject is asked to walk normally for at least 4.2 seconds (i.e., the window size for feature extraction as described in Section II:A) after wearing the sensor at different positions. Sensors at different positions have different acceleration signatures during walking. For example, sensor on the wrist has smaller acceleration than those on the thigh and ankle, and the average acceleration of the sensor on the thigh is different from that on the ankle due to the angle of knee joint. Using these distinct acceleration signatures for walking, sensor positions can be accurately detected based on the features extracted using machine learning methods. Support Vector Machine (SVM), Naïve Bayes, C45 Decision Tree, and Artificial Neural Network (ANN) are experimented with for sensor position detection.
C. Energy Expenditure Estimation
Energy expenditure estimation module takes the extracted features and the detected sensor position, and estimates the energy expenditure accordingly in a position-dependent manner. For the three possible sensor positions, three corresponding energy expenditure estimation machine learning models are built. Depending on the detected sensor position, only one of the three models is used. Linear Regression and Artificial Neural Network are used for building the energy expenditure estimation models.
III. EXPERIMENTAL SETTINGS
A. System Overview
As shown in Figure 1 , the experimental system consists of an Oxycon Mobile metabolic analyzer (CareFusion, Hoechberg, Germany), and a wearable wireless sensor network with three sensors worn on the right wrist, right thigh, and right ankle. The Oxycon Mobile metabolic analyzer is an indirect calorimeter, which measures expiration gas for each breath. It indicates the oxygen consumption (VO2) and carbon dioxide generation (VCO2) for each individual breath. The Oxycon was calibrated before each. In this experiment, we use 30-second window for calculating MET (Metabolic Equivalent of Task), where 1 MET is equivalent to 3.5 mlO2/Kg*min.
Wearable sensor network
Oxycon (a portable metabolism analyzer) Activity and EE analytics A sensor network with three identical sensors equipped with accelerometers is placed on a subject's right wrist, right thigh and right ankle respectively. Acceleration data from the three sensors are collected simultaneously using a Media Access Control protocol as described in Section III:B. As described in Section II, although the data from all three sensors are collected simultaneously, both the machine learning models for position detection and energy expenditure estimation (see Fig. 1 ) are trained using data from only one of the three sensors at a time. Similarly, the sensor position detection and energy expenditure estimation using those models are also done using the data from only one sensor at a time.
Each wearable sensor is a small 6cm x 3.2cm x 1.5cm package, weighing approximately 20 grams. The package contains a sensor subsystem (MTS310 from MemSic Inc.), a processor and radio subsystem (Mica2 motes), running TinyOS operating system. Batteries weigh approximately 13 grams. For each sensor package, two 600mAh AAAA batteries are able to support the system for more than 30 hours. A sensor package is worn with an elastic band so that once worn, the sensor orientation does not change with respect to the body segments. Once activated, each sensor package continuously samples its acceleration (-2g to +2g) in two axes and sends them to a nearby (within 50 meters) laptop using a 900MHz wireless link via an access point.
B. Experimental Protocol
The experiments were carried out on 25 subjects, 17 female and 8 male, approved by Institutional Review Board. Each subject participated in one 60-minute experimental session. During the experiment, each subject wore the equipment as demonstrated in Figure 1 . All the devices are time synchronized before each experiment session. The subject was then engaged in 14 different activities, i.e., lying down, sitting reclined, sitting straight, walking slow, walking fast, jogging, standing, sweeping, stair climbing, biceps curls, cycling slow, cycling fast, squatting, jumping jacks. The activities represent a combination of exercise and lifestyle activities and consist of a wide range of activities from sedentary to vigorous exercise.
Subjects were instructed to perform each of the 14 activities at least for 1 minute, but they were free to choose the sequence and the length (1-10 minutes) of each activity. In order to improve the generalizability of the results, data during the transitions are kept in the data set, and the models are built and evaluated using leave-one-out method, meaning that data from 1 subject is used for testing, while data from the other subjects is used for training.
IV. RESULTS
Instead of instructing the subjects to perform a short walking session before each experiment for sensor position detection, they were free to choose any sequence of the activities. Data collected during the "walking slow" activity was first processed to verify the performance of sensor position detection. Features from one of the three sensors are first annotated and then used for classifier model training and testing/validation purposes. Table 1 depicts the performance of sensor position detection module with four classifiers, namely, SVM, Naïve Bayes, C45 and ANN. Leave-one-out method was used for testing. The performance in Table 1 corresponds to the averaged accuracy when data of each subject were used for testing and data from the rest were used for training. Observe that the accuracy was generally high, and SVM outperforms the other classifiers. Based on the detected sensor position, the corresponding energy expenditure estimation model is deployed. Figure 2 demonstrates the performance of energy expenditure estimation using ANN and Linear Regression, in terms of Root Mean Square Error (RMSE). The energy expenditure is expressed in the unit of Metabolic Equivalent of Task (MET, 1MET=3.5 mlO 2 /Kg·min), indicating the rate of oxygen consumption by the subject. As shown in Figure 2 , Linear Regression consistently outperforms ANN, and RMSE is minimized when the sensor is worn on the thigh. It can be seen that the estimation closely tracks the actual energy expenditure. Standard deviation of actual energy expenditure for each activity (represented by error bars) is larger than that for the estimated energy expenditure with sensors, because the metabolic system needs time to get adjusted when a subject start a new activity. For example, when a subject rests on a chair for a while and then starts jogging, his or her metabolic system gradually increases the oxygen intake process by more frequent and deeper breaths, thus causing the large standard deviation of actual energy expenditure. However, for each activity, the motion of the sensor follows the activity with lower lag which explains the lower standard deviation of sensor-detected energy expenditure.
V. DISCUSSION
Unlike previously published energy expenditure estimation methods, the proposed algorithm does not rely on the sensor position as prior knowledge. It has been demonstrated in Figure 2 that the proposed system is able to estimate the energy expenditure with average RMSE of 1.78 METs when the sensor is worn on thigh, 1.88 METs on ankle and 2.03 METs on wrist. Figure 4 compares the performance of the proposed sensor position agnostic energy expenditure estimation method with an all 3-sensor solution as proposed in our previous work [17] . Results for the proposed method are consistent with those in Figure 2 . It is demonstrated that Linear Regression method consistently performs better than Artificial Neural Network (ANN) in terms of both average and standard deviation. It can also been seen that the proposed method performs comparable to the all 3-sensor solution, especially, when the sensor is worn on the thigh. In that case, the difference to the 3-sensor solution is only 0.13 METs (7%).
Zhang et al in [8] used IDEEA in their experiments and showed significant correlations between energy expenditure estimated by IDEEA and that measured by calorimeters with an accuracy over 95%. However, their study used a smaller number and less diverse set of activities, i.e., 11 activities in total and 8 out of them were walking or jogging on treadmill. As a comparison, in our work we included 14 diverse activities from sedentary activities, such as sitting and reclining, to highly intense jumping jacks and jogging.
Rothney et al in [14] found an RMSE of 0.54 METs using IDEEA, which is significantly lower than 1.79 METs using our proposed method. The energy expenditure in that study was collected based on 24-hour visits in a room calorimeter, and the average caloric expenditure was about 2250 kcal/day with average weight of 75.7kg, which corresponds to an average energy expenditure of 1.18 METs. Meaning the subjects were resting most of the time.
VI. CONCLUSION
This paper presents a sensor position-agnostic energy expenditure estimation algorithm. The proposed method does not rely on the position of sensors. An accelerometerequipped sensor can be worn either on right wrist, or on right ankle, or on right thigh. The sensor is able to detect its position during a short 4.2 second sensor position detection phase. 3 energy expenditure estimation models were built to accommodate the 3 possible sensor locations. 25 subjects were included in the experiments executing 14 activities with diverse intensity. It is demonstrated that 99.68% accuracy can be achieved for sensor position detection, and the RMSE for energy expenditure estimation is 1.79 METs. Future work on the topic includes the development of a phone App based implementation of the concepts presented in this paper. 
